In this study of city traffic, we show that empirical synchronised flow patterns, which have been revealed recently in oversaturated traffic, exhibit considerable impact on the energy efficiency of vehicles. In particular, we have found out that energy consumption in oversaturated city traffic can decrease considerably when the oversaturated city traffic consists of synchronised flow patterns rather than consisting of moving queues of the classical traffic flow theory at traffic signals. Using empirical GNSS data measured by navigation devices on two different road sections in Düsseldorf, Germany, we show that synchronised flow patterns and moving queues differ in their cumulated vehicle acceleration (a sum of positive speed differences along a vehicle trajectory) despite similar mean speeds. Energy efficiency in return is dependent on the cumulated vehicle acceleration. We consider both the fuel consumption of conventional vehicles with combustion engines and the energy balance of electrical vehicles. 
Introduction
City traffic is controlled by traffic signals. It is generally assumed that no significant phenomena of self-organisation occur in city traffic . This is because these phenomena are thought to be suppressed by the traffic signals which interrupt traffic flow.
On the other hand, phenomena of self-organisation are well-known to exist in highway traffic. Many of these phenomena are associated with synchronised flow. Synchronised flow is known to be one of the three traffic phases in Kerner's three-phase theory of traffic [22] [23] [24] [25] [26] . The three phases are:
1. Free flow.
2. Synchronised flow.
Wide moving jams.
Congested highway traffic is subdivided into the synchronised flow phase and the wide moving jam phase. However, synchronised flow also occurs in city traffic: As has recently been found in the three-phase theory of city traffic [27] [28] [29] [30] [31] , the transition from under-to oversaturated traffic at a traffic signal is associated with the emergence of a synchronised flow pattern in an initially free flow. Furthermore, synchronised flow patterns (SPs) have been predicted to exist in oversaturated city traffic at traffic signals as well [32] .
The existence of SPs in real oversaturated city traffic has been confirmed by an empirical analysis of field GNSS (global navigation satellite system) data measured by navigation devices in vehicles [33] . It has been revealed that oversaturated city traffic after speed breakdown consists of SPs, sequences of moving queues (MQs) corresponding to the classical theory of city traffic and mixtures of these two spatiotemporal traffic patterns.
SPs in oversaturated city traffic exhibit considerable impact on the fuel consumption of conventional vehicles with a combustion engine [34] . In this paper, we study the impact of SPs in oversaturated city traffic on the energy efficiency of vehicles, addressing both conventional vehicles with a combustion engine and electrical vehicles. We discuss the application of our results to energy-efficient route guidance.
This article is organised as follows. In Sec. 2, we discuss empirical examples of SPs and MQs, which are the basic spatiotemporal traffic patterns in oversaturated city traffic after speed breakdown. In Sec. 3, we describe our approach to estimating the energyefficiency of vehicles depending on the traffic situation. This approach takes into account the cumulated vehicle acceleration, a macroscopic parameter for the assessment of the energy efficiency of vehicles depending on their driving behaviour. In Sec. 4, we sketch the application of the macroscopic energy matrices to energy-efficient route guidance. We discuss macroscopic energy matrices which express the energy efficiency of vehicles in dependency of their mean speed and cumulated acceleration. By means of hypothetical examples, we demonstrate how the fastest route between two points in a route network can be different from the most energy-efficient route. We also show that the most energyefficient route for conventional vehicles can be different from the most energy-efficient route for electrical vehicles. Finally, in Sec. 5, we draw the conclusions.
2 Empirical synchronised flow patterns in oversaturated city traffic
Probe vehicle data
For the study of spatiotemporal traffic patterns in oversaturated city traffic we use anonymised GNSS probe data measured by navigation devices in vehicles provided by the company TomTom. The data set consists of GNSS data from several selected days from 2011-2014. A navigation device measures the GNSS locations of the vehicle at time instants t n with a fixed time interval ∆t = t n+1 − t n between GNSS measurements. In on-line applications, ∆T = 5 s is commonly used. We consider three road sections in the city of Düsseldorf, Germany (compare Fig. 1 ): a 630 m long section of Völklinger Straße and two sections of Südring (640 m and 45 m length; we refer to as "Südring I" and "Südring II", respectively). The speed limit on "Völklinger Straße" and "Südring II" is 60 km/h; on "Südring I" there is a speed limit of 80 km/h on the first downstream 250 m of the section and 60 km/h elsewhere. There is a traffic signal at the downstream end of the considered road sections and no traffic signals between their upstream and downstream ends. Furthermore, in addition to the GNSS probe data from navigation devices, aggregated data of average speed and flow rate measured by stationary detectors are available for all three sections. Measurements with these traffic detectors, which we will discuss in Sec. 2.2, confirm that on these road stretches oversaturated traffic occurs on many days [33] . GNSS data was chosen from days on which oversaturated traffic was observed in the detector data.
Speed breakdown
In city traffic at a traffic signal, a traffic breakdown is a transition from undersaturated traffic to oversaturated traffic. The following time patterns, which are well-known from earlier observations in different countries [35, 36] , can be observed by means of stationary road detectors (compare Fig. 3 and 4) : At a small flow rate, vehicles move at free flow speed. After the flow rate has increased considerably, a strong and abrupt drop in speed is observed. The stationary road detectors determine the averaged velocity and flow rate per minute based on a data stream of an optical camera. The accuracy of the processed data is influenced by weather conditions like precipitation, illumination conditions, overlaps caused by large vehicles as well as the applied object recognition and tracking algorithms (compare [37] for a discussion of errors).
In all examples from Fig. 3 and 4, undersaturated traffic and oversaturated traffic can be distinguished by the mean vehicle speed. This is also the case for the example from Völklinger Straße, even though the measured speed in undersaturated traffic is considerably below the speed limit for the whole day (see Fig. 3(a,b) ). The relatively low speed in undersaturated city traffic can be explained with the detector position at the upstream end of Völklinger Straße: When passing the detector, the vehicles have not yet fully accelerated after having turned into this road.
A typical observation is that the drop in speed is considerably stronger than the drop in the flow rate (compare Fig. 3(c,d) , 7:48-9:15). In the examples shown in Fig. 4(a,b) , 14:46-17:30, and Fig. 4(c,d) , 15:32-17:08, the flow rate after the drop in speed is on average as high as before the drop in speed. Due to the fact that the drop in speed is considerably stronger than the drop in the flow rate, we refer to this common case of traffic breakdown as "speed breakdown". In the case of speed breakdown SPs, MQs, and mixtures between SPs and MQs are observed in oversaturated city traffic.
In contrast to the case of speed breakdown discussed above, another empirical example of traffic breakdown is found in Fig. 3(a,b) where both the speed and the flow rate drop considerably (9:47-9:54). We call this case "speed and flow rate breakdown". Speed and flow rate breakdown results from heavy bottlenecks, e.g. roadworks or accidents. A mega-queue is observed after speed and flow rate breakdown, which has the same structure as a mega-jam in highway traffic [38] . No synchronized flow is observed within a mega-queue. For this reason, we only consider the case of speed breakdown in this article.
Synchronised flow patterns
Empirical examples of synchronised flow patterns are shown in Fig. 5-7 . Each subfigure is a speed-time plot of a single vehicle. The depicted single-vehicle speeds derived from anonymised real-field GNSS data exhibit vehicle motion at synchronised flow speed (marked "SP" in the figures), which is considerably lower than free flow speed. However, the vehicles stop only once at the traffic signal; there are no additional stops and thus no traffic flow interruption within the SPs. 
Classical sequences of moving queues
Empirical single-vehicle speeds associated with regular sequences of moving queues observed on the considered road sections are shown in Fig. 8 . In contrast to the SPs discussed in the previous section, traffic flow is interrupted as the vehicles regularly stop several times in queues. When leaving a queue, a vehicle accelerates from speed zero, moves forward and, after some seconds, decelerates again to stop in the next moving queue.
Energy efficiency of vehicles
There are considerable qualitative differences between empirical SPs and MQs, as discussed in Sec. 2: While there can be similar mean vehicle speeds in SPs and MQs, these traffic patterns differ considerably with regard to the acceleration behaviour of the vehicles. As is well known, the fuel consumption (or, respectively, the electrical energy used by an electrical vehicle) depends on both speed and acceleration. Therefore, the occurrence of SPs in oversaturated city traffic obviously exhibits an impact on the energy efficiency of vehicles. 
Cumulated acceleration
To assess the impact of SPs in oversaturated city traffic on the energy efficiency based on GNSS data, one needs to consider what information on the vehicle acceleration can be extracted from the data. If the temporal resolution of the data is sufficient, one can consider the reconstruction of acceleration profiles using smoothing methods to reduce the error resulting from GNSS measurements [39] . However, taking into account that relevant acceleration procedures typically occur within a time scale of 1 s, acceleration profiles cannot reliably be calculated from GNSS data if the interval between position measurements is 5 s. For this reason, we take the following approach.
To assess the dependency of traffic patterns on energy efficiency, we use a parameter that can feasibly be calculated on the basis of GNSS data from navigation devices and that correlates with the energy efficiency of vehicles. In particular, taking into account the aforementioned dependency of energy efficiency on acceleration, we choose a macroscopic parameter which sums up how often and how strongly a vehicle accelerates along a road section. The best information on these acceleration processes available from GNSS data is the speed differences v n+1 − v n between two successive GNSS measurements in a vehicle travelling on a road. The cumulated vehicle acceleration per road length (or "cumulated acceleration" for short), which has been introduced by Kerner for a reliable on-line assessment of fuel consumption in vehicles, is a sum of positive speed differences between GNSS measurements [40] .
The cumulated acceleration A per length, which refers to a vehicle travelling on a road section of length L, is defined by the formula [40] 
where Θ[x] is the Heaviside function, and ∆v ≥ 0 is used to reduce the effect of the error resulting from speed calculations from GNSS data. For GNSS data with ∆t = 5 s between two successive GNSS measurements, we use ∆v = 0.5 km/h. The definition of A is based on the assumption that the vehicle acceleration a n during time interval t n+1 − t n between GNSS measurements (length ∆t) is time-independent,
The cumulated vehicle acceleration can be applied for any link of a traffic network, independent of the length of the link. Furthermore, it can be applied for any time interval ∆t between successive GNSS measurements. It should be noted that the cumulated vehicle acceleration is dependent on ∆t. Obviously, the larger ∆t, the more information on the acceleration behaviour of the vehicle is lost. However, it is assumed that only values of A for different vehicle trajectories with the same ∆t are compared. For this reason, ∆t does not explicitly appear in Eq. 3. As a consequence of this and of the division by L in Eq. 3, the dimension of A is not acceleration, but reciprocal time. We choose h −1 as unit.
In acceleration is time-independent and equal to zero, then the cumulated acceleration A is also zero (Fig. 9(a) ). If there is only one acceleration procedure from 0 km/h to 30 km/h, then A = 30 h −1 ( Fig. 9(b) ). If there are six acceleration procedures from 0 km/h to 30 km/h, then A = 180 h −1 (Fig. 9(c) ). An alternative quantity for the assessment of the energy consumption of vehicles is the positive kinetic energy per unit distance (PKE), where the differences of the squared speeds v 2 n+1 − v 2 n are summed up instead of the speed differences [41] . We use the cumulated acceleration for the following reason.
We aim to assess the total energy used by a vehicle while driving. Apart from the kinetic energy, the total energy depends on other parameters related to, e.g., drag, road grade, electrical loads such as radio, and the energy conversion efficiency of the engine. As will be discussed in the next section, our energy calculations are based on empirical microscopic energy matrices that express the total energy in terms of vehicle speed and vehicle acceleration. The cumulated acceleration expresses the dependency of the energy on the acceleration. Electrical vehicles do not only consume the energy stored in the battery while driving. The regenerative brake of an electrical vehicle allows energy recovery. To account for the energy recovery of an electrical vehicle, we define the cumulated deceleration D analogously to Eq. 3 by the formula
We will use the cumulated deceleration in Sec. 4 when discussing energy-efficient route guidance for conventional and electrical vehicles.
Cumulated acceleration of empirical SPs
For the examples of empirical SPs and MQs discussed in Sec. 2, the dependency of the cumulated acceleration A on the mean speed V along the vehicle trajectory on the considered road sections is shown in Fig. 10(a) . For the empirical MQs, the mean speeds are between 8 km/h and 14 km/h. For the empirical SPs there are mean speeds between 12 km/h and 20 km/h. As can be seen in Fig. 10(a) , the cumulated acceleration is considerably greater for empirical MQs than for empirical SPs: There are values of A between 170 h −1 and 220 h −1 for the empirical MQs. On the other hand, or the empirical SPs the values of the cumulated acceleration A are between 50 h −1 and 160 h −1 . There is no overlap between the ranges of A for the empirical SPs and MQs.
In Fig. 10(b) , the dependency of the cumulated acceleration A on the mean speed V is shown again for all examples of empirical MQs and SPs from Sec. 2 with mean speeds between 10 km/h and 15 km/h. This is the range in which the mean speeds along vehicle trajectories in SPs and MQs overlap. It can be seen that the cumulated acceleration is considerably greater for MQs than for SPs even when the mean vehicle speeds along vehicle trajectories are similar. This result is underlined by the average cumulated acceleration, which is 108 h −1 for the SPs and 194 h −1 for the MQs (compare the horizontal lines in Fig. 10(b) ). 
Empirical microscopic energy matrices
For energy efficiency calculations, we use empirical microscopic consumption matrices. These matrices are based on empirical CAN (Controller Area Network) bus data of speed, acceleration and fuel consumption or, respectively, electrical energy recorded from the following vehicles: a conventional medium-sized vehicle with a combustion engine [42] [43] [44] [45] and a Smart electric drive. These vehicles were driven during field trials in real traffic [42] . Neither data from test bench measurements nor consumption models (compare [20] ) were used. In the electric vehicle, no acceleration signal was recorded in the field trial.
The acceleration values used here were therefore derived from the speed. The empirical microscopic matrices were aggregated by grouping energy values into matrix elements according to their associated speed and acceleration values. For each matrix element, the energy median was then calculated. Visualisations of the resulting energy matrices are shown in Fig. 11 , where normalised energy scales are used: For the fuel consumption, which is a measure of the energy consumption of conventional vehicles, the normalised values are between 0 and 1 ( Fig. 11(a) ). For the electrical vehicle, due to energy regeneration associated with braking, several energy values associated with negative acceleration are negative Fig. 11(b) .
In the case of the conventional vehicle ( Fig. 11(a) ), field trial data measured over 90 hours on 20 different days were used. The vehicle was driven by different drivers on different roads, both freeways and urban roads. More than 10 million data points were recorded and aggregated. The aggregation intervals are 2 km/h and 0.1 m/s 2 , respectively.
The empirical microscopic matrix for an electrical vehicle was aggregated on the basis of about 146,000 data points. The resolution of the speed values is 1 km/h. The aggregation intervals are 2 km/h (as in the case of the conventional vehicle) and 0.278 m/s 2 (resulting from the measurement accuracy of the speed values from which the acceleration was derived). 
Dependency of relative consumption and electrical energy on time-independent speed
For consumption calculations with the empirical microscopic consumption matrix shown in Fig. 11(a) , second-by second speed and acceleration values v 1 , ..., v N and a 1 , ..., a N along a vehicle trajectory are needed as input [42] . For each time step n, the instantaneous consumption c n associated with the pair (v n , a n ) of speed and acceleration values is looked up in the microscopic matrix. The total consumption C k, j along vehicle trajectory k on road link j is then obtained by summing up the instantaneous consumption values c n ,
The relative fuel consumption C rel;k, j of vehicle trajectory k on road link j can then be written as where C I, j denotes the fuel consumption of a hypothetical trajectory with time-independent speed 60 km/h on a road of the same length as link j. Relative consumption values are sufficient in view of our aim to assess the impact of certain congested traffic patterns on consumption; absolute values are not needed for this purpose. The unit C I, j was chosen to express "perfect" city traffic conditions of an idealized green wave. The relative fuel consumption is dimensionless. The relative electrical energy is calculated analogously to the relative fuel consumption. As a proof of plausibility of the empirical microscopic consumption, we apply the matrix to drives of vehicles on a road stretch of fixed length with different time-independent speeds. The resulting dependency of fuel consumption on time-independent speed is shown in Fig. 12(a) . There is a wide consumption minimum between 40 km/h and 80 km/h. For speeds lower than 40 km/h, the consumption increases with decreasing speed. These findings are in accordance with well-known results from literature (e.g. [46] ).
For the electrical vehicle, the dependency of the electrical energy used while driving on the time-independent speed is shown in Fig. 12(b) . As in the case of the conventional vehicle, there is a wide minimum, which in this case stretches from about 20 km/h to 80 km/h. Again, there is increase in energy with decreasing speed in the range on the left of the wide energy minimum. However, due to measurement inaccuracy, there is great scattering of the energy values.
Cumulated acceleration and energy efficiency of vehicles
To examine the connection between cumulated acceleration and energy efficiency of vehicles, we combine the empirical microscopic energy matrices discussed in Sec. 3.3 with vehicle trajectories from a traffic flow simulation. Second-by-second speed and acceleration values v 1 , ..., v N and a 1 , ..., a N are used as input for the empirical microscopic energy matrices. Traffic flow simulations are used for the following reasons. First, a traffic flow simulation can provide a complete set of second-by-second speed and acceleration values for a simulation run. Second, if enough simulation runs are made, an amount of simulated trajectories which is sufficient for a statistical assessment of the dependency of the energy efficiency on the traffic situation.
For an examination of the impact of SPs on the energy efficiency of vehicles, it is required that the traffic flow model used for the simulations is able to reproduce SPs. To guarantee this, simulations were used that are based on a stochastic Kerner-Klenov model [47] [48] [49] [50] [51] which is in the framework of three-phase traffic theory. In accordance with the empirical observations of oversaturated city traffic, this model can reproduce both SPs and MQs [32] .
We used speed and acceleration time series of more than 400,000 simulated vehicle trajectories provided by Hermanns that reproduce various scenarios of city traffic [52] . All simulated speed and acceleration time series were fed to the empirical microscopic consumption matrix (Fig. 11(a) ). For the rest of this section, we focus on conventional vehicles. We will return to electrical vehicles in Sec. 4.
To examine the relationship between SPs and energy efficiency of vehicles, we chose all simulated trajectories with mean speeds along the trajectory between 10 km/h and 15 relative consumption Figure 13 Mean dependency of the relative fuel consumption on the cumulated acceleration A for mean speeds between 10 km/h and 15 km/h [34] km/h, the range in which there are both empirical SPs and MQs (compare Fig. 10(b) ). According to the cumulated acceleration, these simulated trajectories were grouped into classes of width 40 h −1 . Average fuel consumption values were calculated for all classes with at least 50 representatives. The resulting dependency of consumption on the energy efficiency of vehicles is shown in Fig. 13 . Clearly, the fuel consumption increases with increasing cumulated acceleration.
To understand the relationship between fuel consumption and SPs, we return to the results on the cumulated acceleration associated with empirical SPs and MQs studied in section Sec. 3.2. We regard the cumulated acceleration of vehicle trajectories empirical SPs and MQs with means speeds between 10 km/h and 15 km/h (Fig. 10(b) ), and connect it with the dependency of fuel consumption on the cumulated acceleration (Fig. 13) . The average cumulated acceleration of SPs, 108 h −1 , is associated with an average relative fuel consumption 2.5. On the other hand, the average cumulated acceleration for MQs (194 h −1 ) is associated with an average relative fuel consumption 3.1. As a consequence, fuel consumption in oversaturated city traffic can be considerably reduced if the oversaturated city traffic consists only of SPs rather than consisting of both SPs and MQs [34] .
Applicability to on-line energy-efficient route guidance
In several studies, the impact of traffic congestion on the fuel consumption and pollutant emission of conventional vehicles has been examined, e.g. [53] [54] [55] [56] . Information on the amount of consumption and emissions associated with the links of a traffic network can be used in applications of energy-efficient route guidance, also called "eco-routing". In some works on eco-routing, consumption or emissions are not calculated for individual vehicle trajectories. Instead, road sections are classified according to macroscopic criteria. E.g., in [55] , the level of service (LOS) of a road is mapped to consumption and emissions. A model for the energy efficiency of electrical vehicles and an algorithm for energy efficientrouting of electrical vehicles are presented in [57] . Macroscopic consumption matrix M C for a conventional vehicle with a combustion engine [34] In this section, we present macroscopic energy matrices that express the average consumption of a road link as a function of mean speed, cumulated acceleration and, in the case of electrical vehicles, cumulated deceleration. We sketch the applicability of these macroscopic energy matrices to on-line energy-efficient route guidance by means of simple examples.
Macroscopic energy matrices
In Sec. 3.5 we studied the dependency of fuel consumption on the cumulated acceleration. Our results were based on an empirical microscopic consumption matrix and simulated speed and acceleration profiles. We regarded the simulated vehicle trajectories with mean speeds between 10 km/h and 15 km/h. In this section we use more than 400,000 simulated vehicle trajectories with mean speeds between 0 km/h and 65 km/h to calculate the fuel consumption of conventional vehicles and the energy balance of electrical vehicles and to derive macroscopic energy matrices based on these calculations. (30;65] . For all classes with at least 50 vehicle trajectories, the average consumption was calculated. The resulting macroscopic consumption matrix M C is illustrated in Fig. 14 .
Macroscopic consumption matrix M C for a conventional vehicle expresses the following dependency between mean speed, cumulated acceleration and fuel consumption [34] . Figure 15 Splitting the empirical microscopic energy matrix for an electrical vehicle ( Fig. 11(b) ) into two parts
Macroscopic energy matrices for an electrical vehicle For electrical vehicles we chose a modified approach to express the energy balance (the difference between the energy consumed and the energy regenerated while driving) as a function of mean speed V , cumulated acceleration A and cumulated deceleration D. To this end, we split the empirical microscopic energy matrix ( Fig. 11(b) ) into two parts: one part that contains all combinations of speed and acceleration with non-negative acceleration values, and one part that contains all combinations with negative acceleration values (see Fig. 15 ). Both partial microscopic energy matrices were applied to the same simulated vehicle trajectories as were used for the macroscopic matrix for a conventional vehicle. As a result, two macroscopic matrices were calculated that are shown in Fig. 16 . Macroscopic energy matrix M E1 was calculated on the basis of the partial matrix containing non-negative acceleration values shown in Fig. 15(a) . It expresses the mean dependency of electrical energy on mean speed V and cumulated vehicle acceleration A. Macroscopic energy matrix M E2 was calculated on the basis of the partial matrix containing negative acceleration values shown in Fig. 15(b) . It expresses the mean dependency of electrical energy on mean speed V and cumulated deceleration D.
In M E2 (Fig. Fig. 16(b) ) there are both negative entries where energy regeneration prevails (15 km/h ≤ V ≤ 65 km/h) and positive entries (0 km/h ≤ V ≤ 15 km/h) where energy consumption prevails. A comparison between M E1 and M E2 shows that for all mean speeds and possible combinations of A and D, energy consumption considerably outweighs energy regeneration. M E1 is qualitatively similar to matrix M C for conventional vehicles.
The relative electrical energy balance E rel can be calculated with the formula
where E 1 (V, A) is read from matrix M E1 and E 2 (V, D) is read from matrix M E2 . However, 
Application to road networks
In the following, we illustrate by means of simple examples how the macroscopic matrices M C , M E1 and M E2 can be applied to energy-efficient route guidance. We show that the most energy-efficient route between two points can be different from the fastest route. We also show that the most energy-efficient route for a conventional vehicle can be different from the most energy-efficient route for an electrical vehicle.
Comparison between fastest route and most energy-efficient route In a hypothetical road network sketched in Fig. 17 , drivers can choose either route ACB or route ADB to get from point A to point B [34] . We assume that on both routes there are vehicles equipped with navigation devices that send GNSS data to a traffic server where the mean speed V , the cumulated acceleration A and the cumulated deceleration D are computed for each road section. We assume that the traffic is oversaturated on both roads and the mean speed is the same, V ACB = V ADB . Therefore, the shorter route ADB is the faster route. However, due to MQ occurrence on ADB and SP occurrence on ACB, A ADB > A ACB . For simplicity, we assume that the absolute value of the cumulated deceleration D is the same as A for both routes. Possible values of V j , A j , D j and route length L j ( j = ACB, ADB) are given in Fig. 17 . Schematic sketch of a subset of a hypothetical urban road network with two alternative routes ACB and ADB from point A to point B [34] route j ACB ADB Table 1 Comparison between travel time T j , relative fuel consumption C rel j , consumption factor C j , relative electrical energy E rel j , and electrical energy factor E j for routes ACB and ADB from the example shown in Fig. 17 The route specific consumption factor C j is obtained with the formula
where C rel j is read from the macroscopic consumption matrix M C . The electrical energy factor E j is calculated analogously, using E rel j from Eq. 6. The values of T j , C rel j , C j , E rel j , and E j , are shown in Tab. 1. It can be seen that while ADB is the faster route, the alternative route ACB is more energy-efficient for both conventional and electrical vehicles.
Comparison between most energy-efficient route for conventional and electrical vehicles For a comparison between the most energy-efficient routes for electrical and conventional vehicles, we regard another hypothetical example sketched in Fig. 17 . To get from point E to point F, drivers can take either the direct route EF or a considerably longer route EGF. We assume that a speed breakdown has occurred on EF leading to oversaturated traffic, while the traffic on route EGF is still undersaturated. Possible values of V j , A j , D j and route length L j ( j = EF, EGF) are given in Fig. 17 . Table 2 Comparison between travel time T j , relative fuel consumption C rel j , consumption factor C j , relative electrical energy E rel j , and electrical energy factor E j for routes ACB and ADB from the example shown in Fig. 18 The resulting values of T j , C rel j , C j , E rel j , and E j , are shown in Tab. 2. EGF, the undersaturated route, is the faster route. However, while EGF is more energy-efficient for a conventional vehicle, the congested route EF is more energy-efficient for an electrical vehicle. This result indicates that the impact of oversaturated traffic on energy efficiency is stronger for a conventional vehicle than for an electrical vehicle.
Conclusions
In this study of oversaturated city traffic, we have examined the impact of empirical traffic patterns on the energy efficiency of vehicles. Our analysis is based on empirical GNSS data from navigation devices and macroscopic energy matrices obtained by combining real field energy data from vehicles with simulated speed and acceleration profiles. We have obtained the following results.
1. Oversaturated city traffic after speed breakdown commonly consists of synchronised flow patterns (SPs), sequences of moving queues (MQs), and mixtures between SPs and MQs.
